ABSTRACT
INTRODUCTION
Ship locks are the oldest and the most often used waterway structures that enable vessels to surmount water level differences in a simple and safe way. Dam construction presents an artificial obstacle and creates differences in water level. Ship locks are designed to enable ships to overcome rises in the water level and help to maintain navigation on inland waterways [1] . A ship lock or navigation lock is a hydraulic structure that consists of an enclosed chamber with watertight gates at each end. The water level difference is surmounted by filling or emptying the lock chamber. In other words, lock operates on the simple buoyancy principle that any vessel, no matter what size, will float atop a large enough volume of water. By raising or lowering the level of a body of water, the vessel itself goes up or down accordingly. The ship lock operators or lock masters always attempt to fill or empty the lock in the fastest time possible with a minimum of turbulence. The organization of vessel traffic on a waterway in the zone of a ship lock is a compromise between rational utilization of the lock and minimizing of ship's delay while waiting to transit the lock [2] [3] [4] . The basic elements of a classic ship lock are presented in [2, 5] .
This paper presents a Fuzzy Expert System (FES) designed to assist the ship lock operators in the decision-making process. From a wide range of types of ship locks the choice was narrowed to a system that is usually applied on navigable channels on inland waterways: single-channel queuing system with two independent, stochastic streams of arrivals from two opposite directions. Although the model has been established and tested in a particular real system, the principle of generality is not lost. With minor changes in the design of FES, the proposed model can be extended to any other lock from the observed category.
Campbell [6] presented the decision tools for reducing congestion at locks on the upper Mississippi river. Bugarski, Bačkalić and Kuzmanov [5] proposed a fuzzy decision support system for controlling a ship lock. Fuzzy logic is chosen as a control method that does not require a precise mathematical model of the controlled system [7] and as the most suitable mathematical approach for addressing uncertainty, subjectivity, polysemy and indefiniteness [8] . Other authors [9, 10] have also used fuzzy reasoning in decision-support processes. Teodorović and Vukadinović [11] successfully applied fuzzy logic and artificial intelligence in traffic control. Recent applications of fuzzy expert systems may be found in [5, 12, 13] .
The main objective of this study is to optimize the performance of fuzzy expert system controlling the ship lock, in order to achieve the best value of the economic criterion defined as a linear combination of two opposite criteria. The first one is a minimum number of empty lockages (lockages without a vessel), and the second one is minimal waiting time (ship's delay). Fuzzy system is a complicated decision system, described by highly non-linear and logic functions, and it is very difficult to obtain a model of such a system described by analytical expressions. Even if we could obtain an accurate analytical model, it would still be a non-convex optimization problem with more local optimal solutions. Thus, it is chosen to apply global numerical optimization algorithms, which provide thorough investigation of the search space and, in this particular case, a more reliable solution than some classic analytical approaches. Three popular global optimization algorithms were used: Particle Swarm Optimization (PSO), Artificial Bee Colony Optimization (ABC) and Genetic Algorithm (GA), with objective to find the best optimization technique for the presented expert system controlling a ship lock process. All these algorithms have been frequently used in engineering applications [14] [15] [16] [17] . The results obtained in this research proved that it is possible to design an optimal FES enabling control over economic performance of the entire system, and also that global optimization algorithms used in the study can be successfully applied in problems concerning transportation performance improvement and optimization.
The paper is organized as follows: Section 2 describes the lock parameters and research data. Section 3 discusses the proposed methodology and the process of optimization. In Section 4, the empirical results are summarized and discussed. Finally, Section 5 contains the concluding remarks.
RESEARCH DATA
The ship lock "Kucura" (Figure 1 ) on the DanubeTisa-Danube hydro system in Serbia was observed as a representative real system. Time intervals for the lockage (i.e., passage) were defined as result of time measurement and interview with lock operators. The average time for the lockage of a vessel is adopted to be 25 minutes, and the time interval for the change of level in the chamber without vessel -15 minutes. Furthermore, it is assumed that the lock chamber can hold only a single vessel. Based on these time intervals, the "regular lockage" (when the vessel enters the end of a lock where the gate is open and does not have to wait for the water level to change in the chamber) takes 25 minutes. The "empty lockage" is the situation when the vessel approaches from the end where the lock gate is closed, and before lockage can take place, the water level in the chamber must be changed. An empty lockage followed by the regular lockage takes 40 minutes.
For every new arrival of a vessel, the control logic must decide whether to perform regular or empty lockage. Depending on that decision, the number of empty lockages and the total waiting time are increased by algorithm presented in Figure 2 . At the very end of the simulation average waiting time is calculated dividing the total waiting time with the total number of vessels.
A compromise between minimizing the waiting time for the lockage and minimizing the energy and water consumption for operating the lock is the main objective in the ship lock control problem [18] . The owners of the lock prefer fewer empty lockages because such lockages reduce the operating costs. However, shipowners prefer to increase commercial speed of ships, i.e. wait as little as possible for the transition. In the case when several vessels are approaching the lock from the same direction, the lock operators have to change the level of the water in the empty chamber in order to reduce the waiting times, and this increases the costs of lock operation.
Set of ship arrivals was generated using cumulative statistic data on ship arrivals, which was the only available data. Some stochastic parameters were then applied to generate time schedule of ship arrivals used in the simulation. This set can be considered as a ship traffic database. In the observed case, there is an annual cessation of the navigation during winter (from the 21 st of December to the 21 st of March), which is included in the construction of the set of arrivals. On other days, the traffic load is approximately 10 ships per day. There are a total of 2,786 generated arrivals at the lock (presented by month in Table 1 ).
Fuzzy expert system
The basic fuzzy expert system was constructed by interviewing the lock masters and it is presented in [5] . Regarding the guidelines and the recommendations of the Inland Navigation Commission [19] , FES is designed to be compatible with the River Information Service (RIS). FES collects information from RIS such as data on speed, distance and the direction from which the ship is coming [20] .
Based on the state of the lock (lower or upper gate open), FES considers two variables: the distance of the ship from the lock on the level where the gate is open (LGO) and the distance of the ship from the lock on the level where the gate is closed (LGC). The FES decides whether to change the present state of the ship lock according to the ship distances at both levels.
Three categories related to the distance from the ship lock (small, medium and large) define fuzzy sets for two fuzzy input variables, LGO ( Figure 3 ) and LGC ( Figure 4 ). The output variable represents the control variable "change of condition of the lock" (LC), which is expressed in three categories: change, no change and indefinite ( Figure 5 ). Distances from the lock (input variables) are expressed in minutes, and output value after defuzzification is given in universal units and after comparison to the limit value gives a binary decision ("change" or "no change"). Table 2 presents the nine fuzzy rules.
The fuzzy decision mechanism is a process consisting of three phases: implication, aggregation and defuzzification [24] [25] [26] . The choice of the functions that will implement these three phases has a significant impact on the results and the algorithm speed [27] . That is why most of the practical implementations of fuzzy logic are based on Takagi-Sugeno type, but in our case speed of the algorithm is not important because of slow nature of the ship locking process. Thus, in this study the basic Mamdani type FES (minimization for implication, maximization for aggregation and Centre of Area for defuzzification) was used. This combination of methods is a very common one [26, 27] . However, other combinations of methods are taken into consideration and proposed combination gave the best results in all of our test cases.
OPTIMIZATION OF MEMBERSHIP FUNCTIONS
As mentioned earlier, in the operation of the ship lock, there are opposing interests of shippers and lock owners. Based on these two interests, it is possible to construct two extremely opposite criteria: Minimum waiting time (MWT) and Minimum number of lockages (MNL). The main concern of shippers is that the lockage is completed as soon as possible; i.e., that they spend the least amount of time waiting in the lock zone. The most convenient situation for them is when the lockage starts immediately upon arrival of the ship. The first criterion reflects precisely that goal -MWT. MNL represents the interests of lock owners and workers. Any change in the water level in the chamber without a vessel inside is an unnecessary expenditure of energy (to run the pumps) and water (which fills the chamber). When using the FES in ship lock control, there is a compromise, because it has efficiency between those two extreme criteria. Because the FES was built based on expert suggestions, it can be concluded that the operator performance in ship lockage would be near to FES performance. When the actions of the FES were analyzed, some disadvantages of this approach were noted. The majority of lockages resulted in the activation of only two of the nine rules. Since this case was not rare, we considered further adjustments of the control logic. If we can design one overall criterion for evaluating the ship lock control, then we can optimize our FES to give the optimal performance for this criterion. Since we have two objectives, this must be a multi-objective optimization [28, 29] .
Fuzzy rules were created based on subjective descriptions of lock master and are presented in Table  2 . The work principle of fuzzy inference is such that it mimics the human reasoning. However, the question is whether the obtained fuzzy sets are the best choice for the quality control of the ship lock. Can computer The relation between the membership function of the fuzzy set and the observed variable is described by a logistic curve (e.g., S-curve or sigmoid function), as shown by several authors on the basis of experiments and research [3, [21] [22] [23] . The logistic curve has the mathematical form:
where: a -slope of the function; b -point of function gradation (inflection point of function). 
Different values of coefficients A and B are used to form several optimality criteria. Three well-known and popular optimization techniques will be used: genetic algorithm (GA), particle swarm optimization (PSO), and artificial bee colony optimization (ABC). All three algorithms belong to the group of evolutionary optimization algorithms. PSO and ABC are also classified as members of subgroup named swarm intelligence. A brief description of these algorithms will be presented in the sequel.
Genetic algorithm
Genetic algorithm is an evolutionary optimization technique inspired by Darwin's theory of natural evolution of the species. It was proposed in 1970s by John Holland [30] and improved during the years by numerous other researchers [31] . In this technique, a population of candidate solutions (called individuals) to an optimization problem is evolved toward better solutions. Each candidate solution has a set of properties (its chromosomes or genotype) which can be mutated and altered.
The evolution usually starts from a population of randomly generated individuals and is an iterative process. The population in each iteration is called a generation. The value of the objective function, called fitness, of every individual in the population is evaluated in each generation. The fitter individuals are selected from the current population, and each individual's genome is modified (recombined and possibly randomly mutated) to form a new generation. The new generation of candidate solutions is then used in the next iteration of the algorithm. When forming a new population, the evolution mechanisms are used, such as selection, crossover and mutation, imitating the process of natural evolution. Commonly, the algorithm terminates when either a maximum number of generations has been produced, or a satisfactory fitness level has been reached for the population.
Since genetic algorithms are frequently applied in many application areas, there is a large number of variants of these optimization techniques published in the literature, introducing various mechanisms and methods for the improvement of the optimization procedure performance. In this study, a variant of GA with linear ranking, stochastic universal sampling, uniform mutation and uniform crossover was applied, with all parameter values based on the recommendations in the literature [31] .
Particle swarm optimization
Particle Swarm Optimization (PSO) algorithm is a swarm-based optimization technique, inspired by the social behaviour of animals moving in large groups (particularly birds) [32] . It uses a set of particles called swarm to investigate the search space. Each particle is described by its position (x) and velocity (v). The position of each particle is a potential solution, and the best position that each particle achieved during the entire optimization process is memorized (p). The swarm as a whole memorizes the best position ever achieved by any of its particles (g). The position and the velocity of each particle in the k-th iteration are updated as
Acceleration factors cp and cg control the relative impact of the personal (local) and common (global) knowledge on the movement of each particle. Inertia factor w, which was introduced for the first time in [33] keeps the swarm together and prevents it from diversifying excessively and therefore diminishing PSO into a pure random search. Random numbers rp and rg are mutually independent and uniformly distributed in the range [0, 1].
There are many modifications of PSO algorithm presented in literature. The early concept of PSO algorithm uses constant parameter set (cp, cg, w), while some more recent modifications introduce variable algorithm parameter set in order to improve the overall performance of the algorithm [17, 34, 35] . In this paper, the PSO variant with all variable parameters will be used. Inertia factor w is decreased from 0.95 to 0.4, enabling thorough space search. Cognitive factor cp is also decreased during the search, from 2.5 to 0.5, enabling better exploration, while social factor cg is increased from 0.5 to 2.5, enabling better exploitation of each individual's "knowledge" [36] .
Artificial bee colony optimization
Artificial bee colony (ABC) algorithm, also known as Bee Colony Optimization (BCO) is another, relatively novel swarm-based numerical optimization algorithm, based on the simulation of the foraging behaviour of honey bee swarm [15, 37] . In this algorithm, the position of food source represents a possible solution of the optimization problem and the nectar amount of the food source corresponds to the value of the optimization criterion in that solution. The colony consists of three groups of bees: employed bees, onlookers, and scouts. The number of the employed bees or the onlooker bees is equal to the number of solutions in the population. In the first step, the ABC generates a randomly distributed initial population P G 0 = h of SN solutions (food source positions), where SN denotes the size of population. Each solution , , ,
with D being the number of variables in optimization criterion. After initialization, the population of the positions (solutions) is subjected to repeated cycles,
, of the search processes. An employed or onlooker bee probabilistically produces a modification on the position (solution) in her memory for finding a new food source and tests the nectar amount of the new source. While in case of real bees, the production of new food sources is based on the comparison process of food sources in a region depending on the information gathered visually by the bee, in ABC model, the artificial bees do not use any information in comparison. They randomly select a food source position and produce a modification on the one existing in their memory, using the expression:
where
, are randomly chosen indexes, BN is the number of employed bees and z is a random number in range [-1, 1] .
Provided that the nectar amount of the new source is higher than that of the previous one the bee memorizes the new position and forgets the old one. Otherwise, she keeps the position of the previous one. After all employed bees complete the search process they share the nectar information of the food sources and their position information with the onlooker bees on the dance area. An onlooker bee evaluates the nectar information taken from all the employed bees and chooses a food source with the probability related to its nectar amount. As in case of the employed bee, she produces a modification on the position in her memory and checks the nectar amount of the candidate source. Providing that its nectar amount is higher than that of the previous one, the bee memorizes the new position and forgets the old one.
An onlooker bee chooses a food source depending on the probability value associated with that food source, pi , calculated by the following expression:
where f xî h is the value of the optimization criterion for solution i evaluated by its employed bee, and SN is the number of food sources which is equal to the number of employed bees (BN). In this way, the employed bees exchange their information with the onlookers.
Employed bees whose solutions cannot be improved through a predetermined number of trials, called limit, become scouts and their solutions are abandoned. Then, the scouts start to search for new solutions, randomly. Hence, those sources which are initially poor or have been made poor by exploitation are abandoned.
The described search process is conducted until a termination criterion is satisfied; for example a maximum cycle number or a maximum CPU time.
RESULTS AND DISCUSSION
The population for every algorithm consisted of totally 30 individuals (particles, bees). The optimization process was conducted in 15 iterations (generations). The number of iterations was adopted based on the empirical analysis, which showed that after 15 iterations almost no improvement could be noticed for all three algorithms, implying that all methods converged at least to the vicinity of the optimal solution. Each individual (particle, bee) consists of four values (coordinates). These values are parameters that define the shape and position of the sigmoid membership functions in fuzzy sets. First two variables XLGO and YLGO determine the shape and the position of membership functions for fuzzy variable LGO. The other two variables XLGC and YLGC determine the shape and the position of membership functions for fuzzy variable LGC. As shown in Figures 3 and 4 , input fuzzy variables LGO and LGC consist of three sigmoid functions. "Medium" sigmoid function is defined with two values X and Y, and other two sigmoid functions can be observed as inverse functions.
The weight coefficients A and B (see Equation 2) emphasize the significance of each component in the optimality criterion (number of empty lockages and average waiting time per ship). These coefficients can be adjusted in accordance to the desired economic performance of the overall system, defined by the management. Based on such defined criterion, fuzzy expert system can be adjusted to provide the desired system behaviour and to enable performance control, which was the main objective of this paper. If management of a lock were able to assess the economic costs of an empty lockage and costs of delays (waiting times) then coefficients A and B could be set according to the assessment. The coefficient ratios in this paper were chosen to give different significance to both parts of the economic criterion. Three variants of the economic criterion were considered, with different values of coefficients A and B. In the first variant, both coefficients were equal to one, giving equal significance to both number of empty lockages and average waiting time The values of optimal FES parameters obtained by using all three optimization algorithms are shown in Table 3 . One can notice that all three algorithms converged to similar parameter values for each criterion variant. Also, it should be emphasized that the shape of the membership function varies significantly for different criterion variant, implying that fuzzy parameters depend to a large degree on desired system behaviour. Table 4 shows the simulation results obtained using the criteria of MWT and MNL, the original fuzzy system and new, optimized fuzzy systems, for all three optimization algorithms. The number of empty lockages (NoEL), average waiting time (AWT) per ship and economic criterion value are shown for every model and every criterion variant. The results are compared by the obtained value of economic criterion defined by (2) , for different variants of weight coefficients A and B. The best results for each criterion variant are typed in bold.
One can notice that the worst values for all economic criteria variants are obtained using MWT and MNL, since these models optimize only one of two parameters, i.e. average waiting time per ship and number of empty lockages, respectively. Significant improvement in criteria values is obtained using original, non-optimized FES which considers both parameters. However, it is easily observed that the best criteria values in all variants are provided by optimized FESs. In the criterion variant favouring the average waiting time (1:4), ABC showed the best performance, while GA and PSO followed, obtaining the same criterion value. In the case of equal significance of the number of empty lockages and average waiting time (variant 1:1), PSO provided the best criterion value, while the values obtained using GA and ABC were almost the same. In criterion variant 4:1, which favours the number of empty lockages, GA and PSO converged to the same value, while ABC obtained a slightly worse result. Thus, it is not possible to distinct the best optimization algorithm for universal application. We can only conclude that all three algorithms provide the best solution in some criterion variant and thus all of them can be successfully applied in such problems.
CONCLUSION
This paper presents a method for creating a fuzzy expert system that can be used as support in decisionmaking or in training the ship lock operators. The pa- rameters of such a system were optimized using three popular global optimization procedures in order to minimize three different variants of the economic optimization criterion. The presented results show that all algorithms, with slight variations in criterion results, provide performance improvement, i.e. the number of empty lockages and average waiting time decrease, compared to originally proposed fuzzy expert system. Thus, we can conclude that all these algorithms can be successfully applied in this kind of transportation planning and control problems. Fuzzy expert system, which was the object of the optimization, is one of the components of decision support system used in ship lock control. It also implements the experience of the operator interpreted by the membership functions and fuzzy rules. Once optimized according to the optimality criterion which reflects the desired economic performance, it provides suggestions for the operator how to control the operation of the ship lock. In the more automated variant of the control system, fuzzy expert system can also directly control the ship lock operation, eliminating the need for human operator. This way one can improve the overall performance of the system and decrease the probability of errors caused by the human factor.
Further research can proceed in the direction of greater complexity in lock functionality. Instead of the single-channel lock, a multi-channel lock can be considered. Such systems would need to have fuzzy input variables and fuzzy rules that are more complex. Moreover, military, service, commercial and private vessels in actual systems do not have the same priority; some classes of vessels have higher priority for using the lock than others. This could introduce additional fuzzy rules. A well-designed fuzzy expert system could serve as a valuable aid in the choice of the control action when there are more requests for lockage by a number of vessels with different priorities.
